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CHAPTER 1

Introduction

1 Data Analysis

Data Analysis is the process where a scientist extracts valuable knowledge (e.g.,
data correlation, useful patterns, market trends) and uses this information to make
decisions.

Using the car industry as an example, car engineers generate random deformations
on car shapes to better understand how design changes affect aerodynamics. The
actual process of analyzing the generated simulation data is done by data scientists [33].
For example, the data scientists might learn that a slightly different position of the
car’s rear-view mirror might significantly impact its aerodynamics. This process
consists of generating random deformations to a car shape (i.e., slightly changing
x-y-z positions of the car model) and running it through computational fluid dynamic
simulations. Each simulation generates raw files consisting of many gigabytes of data.
Due to the data size, the data scientist must apply interactive data analysis techniques
to learn which modifications in the car’s shape improve its aerodynamics.

One major problem with this approach is that each simulation takes many hours to
be executed. One promising solution is to train a machine learning model to generate
the simulated data when receiving a car shape as input. Such a model is trained
over many gigabytes of already executed simulations and eliminates the necessity of
running simulations for new deformations [20, 19]. This type of data analysis pipeline

is relatively common in the industry and can be summarized into three main steps:
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2. Interactive Data Analysis

1. Pre-Processing: In this step, data is generated, cleaned, and loaded in a

database management system (DBMS).

2. Interactive Data Analysis: In this step, the data scientist explores the data

sets to gain insights about the data.

3. Machine Learning Driven Analysis: A machine learning model is created

to accelerate data generation, classification, and prediction.

In this thesis, we focus on optimizations for Interactive Data Analysis. In the
following sections of this chapter, we will introduce this topic and present the research

questions explored in this thesis.

2 Interactive Data Analysis

B Human
B cComputer
Problem Defines Hypothesis
Refine
Gz Query Result

Result

Figure 1-1: Interactive Data Analysis Workflow

Data scientists perform exploratory data analysis to discover unexpected patterns
in large collections of data. This process is done with a hypothesis-driven trial-and-
error approach [52]. Figure 1-1 depicts the classical interactive data analysis problem.
The data scientists derive hypotheses and test them by querying segments that could
potentially provide insights. With this result, they refine their original hypotheses
and either zoom in on the same segment or move to a different one depending on the

insights gained.
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Chapter 1. Introduction

In this workflow, the data scientist is always in the loop and depends on fast query
responses to perform interactive data analysis. The study by Liu et al. [41] shows that
any delay larger than 500ms (the “interactivity threshold”) significantly reduces the
rate at which users make observations and generate hypotheses.

When dealing with small data sets, providing answers within this interactivity
threshold is possible even when only performing full scans on the data. However,
exploratory data analysis is often performed on larger data sets as well. For example,
the SkyServer project [56] which maps the universe, consists of many terabytes of
data. This project has many interactive queries, with data scientists checking different
hypotheses on small segments of the sky. Due to the massive amount of data, answering
these queries under the interactive threshold by performing only full scans is unfeasible.

An essential optimization that these highly selective queries require is the ex-
ploitation of secondary index structures. Depending on the query’s selectivity, an
index structure can diminish the execution time in orders of magnitude, allowing for

responses in interactive times.

2.1 Index Creation Problem

Index creation is one of the major difficult decisions in database schema design [15].
Based on the expected workload, the database administrator (DBA) needs to decide
whether creating a specific index is worth the overhead in creating and maintaining it.
Creating indexes up-front is especially challenging in exploratory and interactive data
analysis, where queries are not known in advance, workload patterns change frequently,
and interactive responses are required. In these scenarios, data scientists load their
data and immediately want to start querying it without waiting for index construction.
Also, it is not certain whether or not creating an index is worth the investment at all.
We cannot be sure that the column will be queried frequently enough for the large
initial investment of creating a full index to pay off.

Despite these challenges, indexing remains crucial for improving database perfor-
mance. When no indexes are present, even simple point and range selections require
expensive full table scans. When these operations are performed on large data sets,
indexes are essential to ensure interactive query response times. Two main strategies
aim to release the DBA of having to choose which indexes to create manually. The
first step at automatizing the index creation problem was self-tuning tools. These
tools perform offline (i.e., indexes are created when the database is not being used)

and online (i.e., indexes are created while queries are executed) full index creation.

13



2. Interactive Data Analysis

The second step was adaptive indexing techniques which perform incremental index

creation (i.e., indexes are created partially during query execution).

Self-Tuning Tools

Self-tuning tools [1, 14, 58, 23, 13, 11, 44, 53] are pieces of software that gives hints to
the Database Administrator (DBA) on which indexes to create for a database. Those
hints are an attempt to find the optimal set of indexes given a query workload. These
tools consider the benefits of having an index versus the added costs of creating the
entire index and maintaining it during modifications to the database.

Self-tuning tools are very successful in traditional OLAP /data warehouse scenarios
(e.g., Producing reports). In these scenarios, there is a lot of workload knowledge,
the workloads do not change regularly, and the systems are idle off-working times to
perform full index creation.

However, these tools are not suitable for index creation in exploratory data analysis
due to four main reasons. (1) They require a priori knowledge of the expected workloads.
(2) They do not quickly adapt to frequently changing workloads. (3) They require idle
time to perform full index creation. (4) The data scientist must take the database
administrator’s role in analyzing the hints produced by the tools to decide which

indexes should be created ultimately.

Adaptive Indexing Techniques.

Adaptive indexing techniques such as database cracking [36, 21, 50, 49, 26, 35, 37,
47, 46, 25, 34, 29] are a more promising solution for the index creation problem in
interactive data analysis. They focus on automatically and incrementally building an
index as a side effect of querying the data. An index for a column is only initiated when
it is first queried. As the column is queried more, the index is refined until it eventually
approaches a full index’s performance. In this way, the cost of creating an index is
smeared out over the cost of querying the data many times, though not necessarily
equally, and there is a smaller initial overhead for starting the index creation.

Although adaptive indexing techniques can alleviate the shortcomings of self-tuning
tools, they introduce new issues that have not been completely tackled yet. (1) The
first query cost can be much higher than a simple full scan cost. (2) There is no
guarantee of robustness, and (3) There is no guarantee that the index will eventually
converge to a full index (i.e., index all points in the dataset).

First Query Cost. When executing a query on a column for which no index

14



Chapter 1. Introduction

has been created yet, a full copy of the data is performed to a secondary index
structure. After completing the copy, the data is then partitioned into one or more
pieces depending on the used adaptive technique. This process incurs a much higher
cost than simply scanning the data to answer the query.

Robustness. In general, adaptive indexing only refines pieces that are accessed.
When the same piece is constantly requested, its access time becomes similar to a full
index. However, as soon as the data scientist decides to query a less refined piece, the
query performance degrades, causing performance spikes.

This scenario is highly undesirable for the user since it brings unpredictability to
the query response time. Similar queries (i.e., queries that inspect the same amount
of data in a column) can have widely different response times.

Convergence. In general, only accessed data points are added to the index
structure. Although adaptive indexing can achieve near full index response time when
pieces are sufficiently refined, it will not guarantee a full index response time to any

filter predicates unless all data points were used as filter predicates.

2.2 Research Questions

Our research aims to investigate how indexes can be created and refined in a similar
process as adaptive indexing while inflicting a low indexing penalty on the initial
queries, enforcing a predictable query response time and with guaranteed full index
convergence. Ultimately, we envision an indexing technique, called Progressive Indexing
that mitigates these drawbacks from adaptive indexing by performing a more fine-
grained refinement and progressively converging to a full index.

We define our main research question as follows:

Research Problem 1 How can we create/refine indexes during query execution
with a low impact over initial queries, predictable query response time, and

guaranteed full index convergence?

Research Problem 2 How can we create progressive indexes for queries with filters

on multiple attributes?

Research Problem 3 How can we update progressive indexes while keeping pre-

dictable query performance and guaranteed full index convergence?
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3. Our Contributions

3 Our Contributions

This thesis describes how to create progressive indexing techniques for both unidi-
mensional and multidimensional index structures. For each, we explore the current
state-of-the-art on adaptive indexing and attempt to improve the characteristics
defined in our main research question.

Its main contributions are as follows:

e Progressive Indexing (Chapter 3). We alter various sorting algorithms (i.e.,
Quicksort, Radixsort - Most Significant Digit, Radixsort - Least Significant
Digit, and Bucketsort Equiheight) to work progressively following a pre-defined
indexing budget.

e Greedy Progressive Indexing (Chapter 3). We define a cost model for
each Progressive Indexing algorithm that allows for automatic selection of the

indexing budget.

e Progressive KD-Tree (Chapter 4). We propose a multidimensional progres-
sive indexing, the Progressive KD-Tree, that progressively builds KD-Trees for

queries with filters in multiple dimensions.

e Greedy Progressive KD-Tree (Chapter 4). We define a cost model for
our Progressive KD-Tree algorithm, allowing for an automatic selection of the

indexing budget.

e Progressive Merges (Chapter 5). We define a new progressive indexing

technique used to merge appends into progressive indexes.

4 Structure and Covered Publications

Chapter 3 describes the progressive indexing techniques for Quicksort, Radixsort -
Most Significant Digit, Radixsort - Least Significant Digit, and Bucketsort Equiheight

in their traditional and greedy formats. This chapter is based on the following papers:

e Progressive Indexes: Indexing for Interactive Data Analysis [32].
Pedro Holanda, Mark Raasveldt, Stefan Manegold and Hannes Miihleisen
46th International Conference on Very Large Databases (VLDB 2020)
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Chapter 1. Introduction

e Progressive Indices — Indexing Without Prejudice [28]. Pedro Holanda,
44th International Conference on Very Large Data Bases (VLDB 2018, PhD
Workshop)

Chapter 4 presents both traditional and greedy versions of multidimensional
progressive indexing, a technique based on quicksort and KD-Trees. This chapter is

based on the following papers:

e Multidimensional Adaptive & Progressive Indexes [43].
Matheus Nerone, Pedro Holanda, Eduardo Almeida and Stefan Manegold
37th IEEE International Conference on Data Engineering (ICDE 2021)

e Cracking KD-Tree: The First Multidimensional Adaptive Indexing [31].
Pedro Holanda, Matheus Nerone, Eduardo Almeida, and Stefan Manegold, 7th

International Conference on Data Science, Technology and Applications (DATA
2018, EDDY)

Chapter 5 describes Progressive Merges, a technique developed to progressively
merge batches of appends into progressive indexes without impacting the predictability

of the queries. This chapter is based on the following paper:

e Progressive Mergesort: Merging Batches of Appends into Progres-
sive Indexes [30]. Pedro Holanda and Stefan Manegold, 24th International
Conference on Extending Database Technology (EDBT 2021)

Finally, Chapter 6 summarizes the work done in progressive indexing, discusses its

challenges, and provides future work.
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CHAPTER 2

Background

In this chapter, we will cover the basic knowledge necessary to read this thesis. We will
start with an overview of Relational Database Systems (Section 1) and their physical
layout (Section 1.1). We continue with an overview of Interactive Exploratory Data
Analysis (Section 2) and give a general explanation of indexing techniques and how

they can be used to boost interactive exploratory queries (Section 3).

1 Relational Database Systems

Relational Database Systems (RDBMS) have been around since the early 70s. They
are essential to any application that must access persistent data. They implement
various techniques that guarantee data integrity, fast data access, transaction control
and overall facilitate the development of a new application. The programmer does not
need to worry about which data structures to represent his data, how to guarantee
ACID (Atomicity, Consistency, Isolation, Durability) properties, or protecting his data
against different types of corruption (e.g., hardware failures).

As an example, consider that a developer wants to create an online music store.
He must store information about artists (e.g., their name, year they started, their
country, and music style) and about their albums (e.g., album name, the year they
were released, and the artist that made it). A simple way of storing this data would be
to use text files (e.g., CSVs). However, the developer now has to implement methods

to scan and write these files while being smart enough to store them on efficient data
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1. Relational Database Systems

structures. He also must use the correct algorithms to join the data in these files.
And must deal with representation issues (e.g., how to store an album made as a
collaboration of multiple artists?), transaction issues (e.g., what happens if two users
alter the file simultaneously?) and data corruption (e.g., what happens if we are
writing on the file and we experience a power shortage?). A more straightforward

solution is to use RDBMSs, since they are designed to tackle these problems.

1.1 Physical Layout

Name  Year Country Style

_ m %

) Row-Store. (b) Column-Store.
Flgure 2-1: Physical layout of relatlonal databases.

RDBMSs do not store data as text files but rather as a table composed of n
columns, where every row of this table represents a different entity with values for each
of these columns (See Figure 2-1). An essential physical layout decision is choosing
how the data should be partitioned, and there are two primary ways of doing it, a
row-store or a column-store.

In the row-store model, data is partitioned in rows (i.e., the rows are stored
consecutively in memory). This model is preferred for transactional workloads (i.e.,
when most queries update only a few tuples) since individual rows can be fetched
computationally cheap. This model’s main disadvantage is when you must retrieve a
lot of data but not from all columns. Since rows are stored consecutively in memory,
you will fetch data from columns you are not interested in, essentially wasting time.
In a typical analytical scenario, the user is only interested in a small set of columns
from the table, making this format unfit for data analysis.

In the column-store model, data is partitioned per column (i.e., the columns are
stored consecutively in memory). This model is preferred for analytical queries since
it is cheap to fetch individual columns, resulting in immense savings on disk access
and memory bandwidth.

As an example, suppose our music-store table has 100 gigabytes of data, and
different from the Figure 2-1 it is composed of 100 columns, also assume that the

columns occupy the same amount of storage, 1 gigabyte per column. When executing an
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Chapter 2. Background

analytical query interested in the number of albums released in 1980, the performance
would significantly differ depending on the layout. In a row store, reading one column
is equivalent to fetching all tuples, which at 100 megabytes per second (i.e., a typical
hard-disk transfer speed) would take us about 17 minutes. In a column store, the
same query can fetch the column that stores the albums’ release date separately, so

we only need to read 1 gigabyte of data, which takes about 10 seconds.

2 Interactive Exploratory Data Analysis

The workload from interactive data analysis is a type of analytical workload. The
data scientist inspects a massive amount of data by issuing selective analytical queries

(sometimes via a visualization tool) to test their hypothesis.

B oo
] 200,000 400,000 600,000 800,000 1,000,000
Flights selected
Distance in Miles 0,1000) Reset Brush Arrival Time
250,000 | 0,000
200,000 80,000
E 150,000 E
g \ g 40,000
100.000"
20,000
50,000
. jlll-.-_ ol T [T (™ ] [ 1.
0 400 BOD 1.200 1,600 2,000 2.400 2.800 3.200 3,600 4,000 4,400 4,800 0 2 4 8 B W 12 14 16 18 20 2 24
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80.000
300,000
60,000
t € 200,000
g 40.000 g
20,000 100,000
o T TS T T e N
] 2 4 ] ] 10 12 14 186 18 20 2 24 20 -15 -10 5 0 S5 10 15 20 25 30 35 40 45 50 S5 60
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200,000
150,000
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Figure 2-2: Interactive Data Analysis Example [4]

In [4], Battle et al. present cross-filter applications as the classical scenario of

interactive data analysis. These applications consist of aggregate-filter-group queries
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3. Index Structures

with users expecting almost immediate responses from the system.

Figure 2-2 depicts an example of a cross-filter application. It presents a dataset
that contains flight information with six different attributes. The idea is that the
data scientist can visualize each attribute as one of the histogram figures (e.g., the
distance in miles histogram presents, from our selected flight, the number of flights
that traveled a given amount of miles). The data scientist must interact with the
range slider on top, and these figures are automatically updated depending on the
filter’s new inputs. It is easy to imagine that it will be quite frustrating if these figures
are not immediately updated when changing the filter.

Since these workloads are dependent on a filter, when applying selective filters
(e.g., wanting to know the information of a small number of flights), aggressive data
skipping techniques like secondary index structures can significantly influence the
query performance.

Let’s go back to our music-store example from section 1.1, and let’s assume that
we want to know the quantity of all albums released in 1980 (also assuming that the
selectivity is around 0.1% of all our data). When no index is present, a full scan of
the column must be performed, which takes approximately 10 seconds. When using
an index, we can access just the data that match our filter. Hence we only scan 0.1%

of our data, with our query taking around 0.01 seconds to be fetched.

3 Index Structures

From our previous example, it becomes clear that, for highly selective queries (i.e.,
queries that filter most of the data), an index structure can significantly impact query
performance. This impact exists because index structures can skip data that is not
relevant to our query (i.e., not reading data that does not match our filter predicates).

Index structures come in all shapes and forms, covering different use cases. For
example, the Adaptive Radix Tree (ART) [2, 40, 8] is designed to produce a compact
index structure that is efficient for point-queries (i.e., queries with equality filters) and
updates. At the same time, the B+Tree [22, 60] is optimized to execute range queries
while not being as efficient as the ART for point-queries and updates.

Figure 2-3a depicts an example where the original data is composed of one column
with unordered integers, and Figure 2-3b depicts a B+tree index created on this
column. Note that the B+tree has the original data sorted in its leaves (i.e., red nodes)
while the inner-nodes (i.e., blue nodes) are used to navigate the tree efficiently. When
executing the following query SELECT SUM(R.C1) FROM R WHERE R.C1 BETWEEN 3
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Chapter 2. Background

(a) Original Column (Column-Store). (b) B4-Tree Index.
Figure 2-3: Scan Vs Index.

AND 6, if we do not have an index, that means we must scan all the elements from
our original column. However, if a B+Tree exists, we can quickly navigate the inner

nodes and scan only the leaves with relevant data.

4 Index Selection Problem

A natural question arises after understanding the benefits of indexes. Why not create
all possible indexes to speed up all possible filter queries? Although indexes boost
query execution since they skip data that does not match filter predicates, they impost
three different penalties to the DBMS. Indexes have a creation cost, a maintenance
cost (i.e., every time an update happens, the index must be updated as well), and a
storage cost (i.e., secondary indexes materialize a copy of the original data). Hence,
the DBA must decide which indexes to create for a given database.

The DBA’s goal is to decide a set of indexes to create for a table that will execute
the workload as fast as possible while considering the amount of available memory.
To do so, the database administrator must follow four steps: (1) Identify a relevant
workload, (2) Create a search space with indexes that can potentially speed up this
workload, (3) Perform a careful analysis on the maintenance and speed up trade-offs,
(4) Assess the impact on the available memory.

Even when workloads are well known, selecting the optimal set of indexes is an
NP-Hard problem [15], since it represents an analysis on all possible combinations of
indexes that can be helpful to the workload. When the querying pattern is not known
in advance, optimal a-priori index creation is impossible. To facilitate this process,
two different types of solutions have been proposed. (1) automatic index selection and

(2) adaptive index creation.
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4.1 Automatic Index Selection

Automatic index selection techniques [1, 14, 58, 23, 13, 44, 53, 11] attempt to automa-
tize the index selection process either completely or by giving hints of what indexes to
create or drop to the DBA. In general, they work by capturing the workload, finding
a set of indexes that optimize it, and either suggesting them for the DBA to create or
by automatically creating them.

The process of finding a set of indexes can be driven by machine learning al-
gorithms [44], or by the what-if architecture [13]. In the what-if architecture, the
DBMS’ query optimizer is used to predict the workload boost and the extra costs of
maintaining and creating indexes using hypothetical indexes (i.e., it only creates the
index’s meta-data to force the optimizer to predict the costs if the index existed).

These solutions are well suited for the classical data warehouse scenario since the
data warehouse scenario has a well-defined workload that rarely changes and has
maintenance times (i.e., hours when the database is not being queried). The DBMS
can exploit the maintenance time to perform full index creation. Since self-tuning tools
can only be used when the system’s workload is stable and known, they present several
problems for interactive data analysis workloads. In an interactive environment, the
workload is unknown or rapidly changes beyond what is known upfront. Besides, there
is no specific idle time to invest in upfront full index creation. Hence automatic index

selection techniques do not offer much help.

4.2 Adaptive Index Creation

Adaptive indexing techniques are an alternative to a-priori index creation. Instead of
constructing the index upfront, the index is built as a by-product of querying the data.
These techniques are designed for scenarios where the workload is unknown, and there
is no idle time to invest in index creation. Their main goal is to smear out the high
investment of creating an up-front full index over the execution of several queries.

Database Cracking [36] (also known as “Standard Cracking”) is the original
adaptive indexing technique. It works by physically reordering the index while
processing queries. It consists of two data structures: a cracker column (i.e., a copy
of the original column) and a cracker index (i.e., a binary search tree that holds
information on where pieces offsets and maximum value).

Each incoming query cracks the column into smaller pieces and then updates the
cracker index concerning those pieces. As more queries are processed, the cracker

index converges towards a full index.

24



Chapter 2. Background
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Figure 2-4: Standard Cracking executing filter C' > 10 and C' < 14.

Figure 2-4 depicts an example of standard cracking executing a query that requests
all values higher than 10 and lower than 14, and the original column has no index
yet. When this query is executed, it triggers the first step of database cracking, which
performs a full copy of the original column. After copying it to a structure called
cracker column, it performs two quick-sort iterations using, as quick-sort pivots, the
query predicates 10 and 14. This results in a cracker column cracked into three pieces.
Where Piece 1 has all elements up to our first query predicate (i.e., 10), Piece 2 all
elements between our query predicates (i.e., 10 and 14), and Piece 3 with all elements
above or equal to the second predicate (i.e., 14). The information regarding the pieces
(i.e., where each piece start and the highest element within that piece is stored in an
AVL-Tree [6] (i.e., a binary search tree with self-balancing properties) called cracker
index. When the next query is executed, the system can already take advantage of this
index (e.g., if a query only has one filter ¢ > 18, only Piece 3 needs to be checked).
After the first query, the pieces are refined even further by performing new quick-sort
iterations with pivots equal to the currently executing filter predicates.

While database cracking accomplishes its mission of constructing an index as a
by-product of querying, it suffers from several problems that make it unsuitable for

interactive data analysis: (1) it adds a significant overhead over naive scans in the first
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iterations of the algorithm, (2) the performance of cracking is not robust, as sudden
changes in workload cause spikes in performance, and (3) convergence towards a full
index is slow and wo